[1] Interannual variation in global tropospheric ozone associated with meteorological variability is characterized in this study using a global chemical transport model CHASER. We focus on five meteorological variability: El Niño Southern Oscillation (ENSO), Indian Ocean Dipole (IOD), Arctic Oscillation (AO), Hadley, and monsoon circulations. Results show that the anomaly in tropospheric column ozone (TCO) is positive (1-1.5 DU) in the western Pacific including Indonesia and negative (À2.5 DU) in the eastern Pacific in October-November-December (OND) during positive phase of ENSO. The model exhibits TCO increase (0.5-1.5 DU) in the central to eastern Pacific over the subtropics. During the positive phase of IOD, the model shows TCO increase (1.5-2 DU) in the west of 90 E with a decrease (1-1.5 DU) in the east. Intensified Hadley circulation causes TCO increase (0.8 DU) in North America in DJF. Intensified monsoon circulation enhances TCO (1.2 DU) in the western Indian Ocean. During positive phase of AO, TCO is decreased (1 DU) in the high northern latitudes. The contribution of meteorological variability to total interannual variation in global and regional TCO is also quantified in this study. The results suggest that interannual variation of TCO in the tropics and high northern latitudes are generally explainable by ENSO, IOD, AO, and interannual variation in Hadley and monsoon circulations. ENSO explains 79% of the variance in the tropical eastern Pacific in OND. AO explains 72% of the variance in the high northern latitudes in DJF.
Introduction
[2] Tropospheric ozone is an important greenhouse gas, pollutant, and source of OH radicals. Its contribution to global warming from the preindustrial era to the present is regarded as the third most important, following those of carbon dioxide (CO 2 ) and methane (CH 4 ) [Intergovernmental Panel on Climate Change, 2007] . Elucidation of the processes determining spatial and temporal variation in global tropospheric ozone is important for evaluation of the effect of ozone on climate change because its spatial and temporal variations are more heterogeneous than that of either CO 2 or CH 4 . The increased emissions of ozone precursors are recognized as a main contributor to long-term increases in tropospheric ozone from the preindustrial era to the present. However, changes in meteorology strongly influence the interannual variation of tropospheric ozone on global and regional scale [e.g., Hess and Mahowald, 2009; Kurokawa et al., 2009; Pozzoli et al., 2011] . Additionally, long-term meteorological change caused by climate change can influence future changes in tropospheric ozone [Sudo et al., 2003; Brasseur et al., 2006; Zeng et al., 2008] .
[3] Results of earlier studies suggest that interannual ozone variation is controlled substantially by meteorological variability, such as that attributable to El Niño Southern Oscillation (ENSO) and Arctic Oscillation (AO) [e.g., Lamarque and Hess, 2004; Doherty et al., 2006] . Interannual variation of ozone induced by ENSO has been studied using both satellite observation and global models. The earliest work studied changes in tropospheric column ozone derived from satellite observations during 1997 El Niño ]. Several modeling studies simulated changes in tropospheric ozone in 1997 to quantify the impacts of Indonesian wildfires and meteorological changes [Sudo and Takahashi, 2001; Chandra et al., 2002] . Recently, changes in tropospheric ozone and carbon monoxide during the 2006 El Niño and the positive phase of Indian Ocean Dipole (IOD) were examined by combining measurements and model simulations [Chandra et al., 2009; Nassar et al., 2009; Zhang et al., 2011] . Other studies characterized the response of ozone to ENSO using long-term observations and simulations [Ziemke and Chandra, 1999; Peters et al., 2001; Doherty et al., 2006; Koumoutsaris et al., 2008; Ziemke et al., 2010; Oman et al., 2011; Randel and Thompson, 2011] . Results obtained from these studies suggest that changes in tropospheric ozone associated with ENSO were caused not only by extensive forest fires throughout Indonesia, but also by marked changes in meteorological conditions. Sudo and Takahashi [2001] reported that key meteorological factors of the ozone changes are upwarddownward motion, suppressed-enhanced convection, and their associated water vapor changes. However, the respective contributions of factors are not understood quantitatively.
[4] Some studies have examined the impact of Arctic oscillation (AO) on interannual variation in ozone in the northern midlatitudes to high latitudes. Lamarque and Hess [2004] described that AO can explain up to 50% of the ozone variation observed by ozonesonde below 500 hPa over the North American continent in spring. Creilson et al. [2005] found that AO correlates with the tropospheric ozone residual derived from satellites over Europe in springtime. Hess and Lamarque [2007] attributed changes in ozone associated with AO to four source regions: Europe, North America, Asia, and the stratosphere. They asserted that the change in ozone from the stratosphere decreases ozone throughout the troposphere over northern Canada and the Arctic, and that the regional changes in surface ozone around Europe, United States, Siberia, and East Asia are governed by changes in the transport of ozone produced in the troposphere.
[5] Effects of interannual variation in the Hadley and monsoon circulations on tropospheric ozone have been examined only cursorily. Liu et al. [2011] described that the Asian ozone anomaly over the Middle East correlates with two independent summer monsoon indices, suggesting that intensified Asian summer monsoon circulation also enhances the transport of Asian ozone to the Middle East. However, the impact of Asian winter monsoons on TCO has not been investigated.
[6] As described above, researchers have examined the impact of individual meteorological variability, in particular ENSO and AO, on ozone. However, interannual variation in the global distribution of tropospheric ozone is not understood comprehensively. Furthermore, understanding the interannual variability of ozone is important for testing the change in the ozone under global warming because ENSO and AO might respectively provide previews of climate warming in the tropics and the northern mid-high latitudes [Yamaguchi and Noda, 2006] . In this study, we investigate interannual changes in global tropospheric ozone associated with meteorological variability, and quantify the contribution of meteorological variability to total interannual variation in global and regional tropospheric ozone.
[7] Section 2 described the model and experimental settings, observational data, and analytical methods. We investigated the impacts of ENSO, IOD, AO, interannual variation in Hadley and monsoon circulations on tropospheric column ozone (TCO), and discussed their mechanisms in section 3. Their contributions to interannual variation in regional ozone are quantified in section 4. Finally, in section 5, we summarize the results and present our conclusions.
Methodology
2.1. Global Chemical Transport Model 2.1.1. Model Description
[8] We employ the CHASER global chemical transport model [Sudo et al., 2002] , which was developed in the framework of the Center of Climate System Research (CCSR)/ National Institute of Environmental Studies (NIES)/ Frontier Research Center of Global Change (FRCGC) AGCM. This study adopts a horizontal resolution of T42 (about 2.8 Â 2.8 ) with 32 vertical layers from the surface to about 40 km altitude. Advective transport is calculated using a fourth-order flux-form advection scheme of the monotonic Van Leer [Van Leer, 1977] . Convective transport is also simulated in the framework of the cumulus convection scheme (prognostic Arakawa-Schubert scheme).
[9] CHASER calculates the gas-phase and liquid-phase chemistry and heterogeneous reactions (53 species and 154 reactions) including the O 3 -HO x -NO x -CH 4 -CO system and oxidation of non-methane hydrocarbon. Dry deposition [Wesely, 1989] and wet deposition (cloud-out and rain-out) processes are also included.
[10] To extract the impact of interannual variation in transport on tropospheric ozone, we also use the framework of a tagged ozone simulation [Sudo and Akimoto, 2007] . The tagged ozone simulation calculates the temporal evolution of a hypothetical ozone tracer using the archived three-hourly production rate and loss frequency of the odd oxygen family (O x [Kalnay et al., 1996] . The simulation uses the Hadley Centre's Sea Ice and Sea Surface Temperature data set (HadISST) [Rayner et al., 2003] .
[12] In the simulation, emissions of ozone precursors do not vary year to year (except lightning NO x ), which facilitates evaluation of the impact of year-to-year variation in meteorology on tropospheric ozone apart from that of yearto-year variation in emissions. However, anthropogenic and biomass burning emissions include only decadal changes. Anthropogenic emissions are based on EDGAR HYDE [van Aardenne et al., 2001 ] and 3.2 FT2000 [Olivier et al., 2005] . Biomass burning emissions are from GFED ver. 2 [van der Werf et al., 2006] . We constructed biomass burning emission assuming that (1) its annual amount has decadal variation in proportion to the population in the corresponding region, (2) its burned location and timing are maintained at 2001 levels. Our constructed CO emission shows positive trend slightly larger than RETRO emission in the tropics where biomass burning occupy a half of total emission. We chose 2001 as the base year of timing and location, because biomass burning in Indonesia was not influenced by ENSO. However, global total emission from biomass burning in 2001 was larger than average during 1997 [van der Werf et al., 2006 . The larger emission was mainly responsible for emissions in Africa and Australia. Therefore, we need to interpret our model result with caution. The simulation includes natural sources of NO x from soil (5 TgN/yr) and lightning (about 5 TgN/yr). The amount derived from lightning varies from year to year because it is parameterized in the framework of cumulus convection scheme according to Price and Rind [1992] . Biogenic emissions of isoprene (400 TgC/yr) and terpenes (100 TgC/yr) are calculated according to Sudo and Akimoto [2007] . Because we focus on direct impact of meteorological variability on transport and chemistry processes, we adopted monthly mean climatology of biogenic emission.
[13] The ozone concentration above 20 km is relaxed to the prescribed data at each grid. The data is based on monthly climatological distribution of Halogen Occultation Experiment project (HALOE) and decadal change estimated from equivalent effective stratospheric chlorine (EESC). Therefore, the ozone above 20 km does not include interannual variation due to meteorological variability. Additionally, zonal mean ozone between tropopause and 20 km is relaxed to that of the data. The prescribed NO y data are output from a three-dimensional stratospheric chemistry model [Takigawa et al., 1999] .
Simulation Fixed to Chemical Field in 1990
[14] Interannual variation in meteorology influences the tropospheric ozone distribution through both transport (advection, convection, and diffusion) and chemical (production and loss) processes. To isolate the impact of interannual variation in transport on ozone, we performed a simulation fixed to the 1990 chemical field (chemical production and loss rate of O x ) for 39 years (hereinafter S2). The chemical field in 1990 is not largely influenced by meteorological variability, because all indices for 1990 do not exceed to one standard deviation (Figure 1 ). The ozone tendency at each grid is written as
where C stands for the ozone concentration, P denotes the ozone production rate, b signifies the ozone loss rate, and subscripts denote processes. In this simulation, we maintained the chemical production rate (P) and loss rate (b), and allowed the other tendencies (first and second term) to vary among years. A similar approach was used by Liu et al. [2011] .
[15] We simultaneously calculated separate ozone tracers from 23 regions using the 1990 chemical field. Although chemical loss of each tracer is calculated using archived loss rate everywhere in the model domain, chemical production of each tracer is calculated only inside its corresponding region. The regions were defined following as Sudo and Akimoto [2007] ; 14 planetary boundary regions (defined as lowermost 7 model layers), 9 free troposphere regions. Additionally, ozone tracer of stratospheric origin was calculated by setting it equal to ozone (ozone from all regions) in stratosphere at each time step.
Observational Data
[16] We evaluate the performance of CHASER with satellite and ozonesonde observations. Interannual variation in global tropospheric column ozone distribution is evaluated using satellite observations from the Tropospheric Emission Spectrometer (TES). TES is a Fourier transform IR emission spectrometer [Beer et al., 2001 ] on Aura. TES retrieval is based on the optimal estimation approach [Rodgers, 2000] . Details are described by Bowman et al. [2006] and Kulawik et al. [2006] . The prior profile is taken from monthly mean ozone in blocks of 10 Â 60 simulated by MOZART model. We use the TES ver. 3 nadir-viewing measurement of ozone. We map TES swath data, which have a 5 Â 8 km 2 footprint, to the T42 grid. TES vertical sensitivity depends on altitude. Therefore, the model results were adjusted for the sensitivity by application of the averaging kernel and constraint vector (a priori profile). The modeled ozone profile was sampled at the closest grid box and time to the measurement. Data screening criteria are given following Zhang et al. [2010] .
[17] We also used tropospheric column ozone (TCO) data derived from the Total Ozone Mapping Spectrometer (TOMS) to evaluate the interannual variation of TCO in the tropics. The TCO is calculated using the convective cloud differential (CCD) method ]. In the CCD method, TCO is computed by subtracting stratospheric column ozone (SCO) from total column ozone. SCO and total column ozone were derived, respectively, from high and low reflectivity measurements. We used data for the 25 years of 1979-2005 derived from TOMS on Nimbus7 and Earth Probe.
[18] We evaluate interannual variation of TCO in North America and the northern high latitude with ozonesonde observation data. The data are from the World Ozone and Ultraviolet Data Center (WOUDC). We use data obtained from eight sites: Boulder, Huntsville, and Wallops for North America, and Resolute, Thule, Ny-Alesund, Eureka, and Alert for the high northern latitudes. In the two regions, interannual variation in ozone is largely influenced by ENSO, AO, and Hadley circulation (see section 4.2).
Analytical Methods
[19] This study investigates the impacts of meteorological variability on the interannual variation in global TCO. To quantify the impact, we calculated the linear regression and correlation coefficient of TCO with respect to index of climate variability. The regression and correlation coefficients are calculated against each index separately, because Niño3.4 index correlates with DMI significantly (r = 0.7). We multiplied the regression coefficient by the standard deviation of each index to express physical magnitude of change for a "typical" event. We used the Niño3.4 index and dipole mode index (DMI) [Saji et al., 1999] , respectively, as the ENSO and IOD index. The AO index is defined as the empirical orthogonal function (EOF) first mode of sea level pressure field in the model. The indices of Hadley and monsoon circulations were constructed following Tanaka et al. [2004] . The indices are calculated from the velocity potential at 200 hPa. The velocity potential is defined as
where V H is the horizontal wind vector, and c denotes the velocity potential. At each grid we decompose the velocity potential into three components as,
where brackets and angle brackets are respectively zonal mean and deviation from it, and over bar and prime respectively denote one-year running mean and deviation from it. The Hadley index is defined as the minimum (maximum) value of [c] in boreal winter (summer). The monsoon index is defined as the maximum (minimum) value of 〈c〉′ in boreal summer (winter). These indices can be defined only in summer and winter. Interannual variations of the indices used for this study are shown in Figure 1 . The Hadley index in boreal winter shows a marked strengthening trend, which is consistent with Tanaka et al. [2004] . For linear regression and correlation calculation, we removed the linear trend of index and ozone in linear regression and correlation calculation to highlight year-to-year variation rather than a long-term trend.
[20] We further adopt partial correlation technique [e.g., Spiegel, 1988] to distinguish the impacts of ENSO and IOD on the tropospheric ozone, because the Niño3.4 index correlates closely with DMI (r = 0.7). The partial correlation coefficient r AB , C between variable A and B after excluding the influence of variable C is defined as
where r AB is the linear correlation coefficient for A and B, and so on. We calculated the partial correlation coefficients between TCO and Niño3.4 index after excluding the influence of DMI (i.e., r TCONino3.4, DMI ), and between TCO and DMI after excluding the influence of Niño3.4 index (i.e., r TCODMI, Niño3.4 ).
[21] We also characterize the interannual variation of tropospheric ozone with Empirical Orthogonal Functions (EOFs). The general application of EOF analysis to the geophysical field is described by Wilks [2006] . We applied EOF analysis to monthly and seasonal ozone anomalies (difference from average for . Each meteorological variability-related signal was explored by examining the EOF spatial patterns (EOF) and the corresponding principal component time series (PC) with its index for the first four EOF modes. We multiplied EOF spatial patterns by the standard deviation of corresponding PC time series, as for the regression coefficient.
Interannual Variation of the Global Tropospheric Ozone Distribution

Comparison With Satellite Observation
[22] We first compare annual mean of simulated tropospheric column ozone (TCO) with that of TCO derived from the TES instrument in Figure 2 . The model captures general features of TES observation. It reproduces the zonal waveone pattern of tropical TCO with minimum of 20 DU in the western Pacific and maximum of 40 DU in the Atlantic. TCO enhancements of 40-50 DU in eastern Asia and United States are also captured well, but the enhancement in the Pacific and the Atlantic are underestimated slightly. The simulated TCO is also low-biased (6-9 DU) in the high northern latitudes. TCO peaks of South Asia and the Middle East are overestimated in the model (3-6 DU).
[23] We then evaluate interannual variation in zonal and tropical mean TCO with TES observations. A time-versuslatitude Hovmöller diagram of zonal and monthly mean TCO is portrayed in Figure 3 , and during December-February (DJF) in the high northern latitudes well (r = 0.53, significant at 99% confidence level). We show that ENSO, IOD, and AO can be related to interannual variation in TCO. Therefore, we investigate the impact of ENSO and IOD in OND, and ENSO and AO in DJF below. Additionally, we address interannual variation in Hadley and monsoon circulations in DJF.
Impact of El Niño-Southern Oscillation
[25] Figure 5a shows regression coefficient of TCO with respect to the Niño3.4 index in OND. A two-tail Student's t-test demonstrated that hatched regions are not significant at the 95% level. The result shows a positive anomaly of 1-1.5 DU in the tropical western Pacific including Indonesia, and a negative anomaly of 2.5 DU in the tropical eastern Pacific. The model also exhibits positive anomalies of 0.5-1.5 DU in the central to eastern Pacific over the subtropics. The correlation coefficient shows a similar pattern (not shown). Significant correlation was found in the tropical eastern Pacific (r = À0.8), Indonesia (r = 0.6) and the eastern Pacific over the subtropics (r = 0.8). These spatial patterns are consistent with those described in earlier studies [Doherty et al., 2006; Oman et al., 2011] .
[26] Two month-lagged regression coefficient of TCO with respect to the Niño3.4 index (i.e., regression between TCO in DJF and Niño 3.4 index in OND) is presented in Figure 5b . We picked the two month-lagged regression to compare impact of ENSO with that of Hadley circulation in southern North America in DJF. The anomalies in DJF show a similar pattern to that in OND, while positive anomaly in southern North America is elevated from 0.2 DU to 1 DU. The positive anomaly can result from the combination of an enhanced local Hadley cell and intensified subtropical jet in the eastern Pacific because of ENSO [Shapiro et al., 2001; Wang, 2002] through changes in the horizontal and vertical transport in troposphere, and stratosphere-troposphere exchange of ozone [Hsu et al., 2005] .
[27] Sudo and Takahashi [ 2001] reported that large-scale atmospheric circulation, cumulus convection, and water vapor are key factors contributing to tropical TCO change during El Niño. However, the respective factors' contributions to the TCO change are not understood quantitatively. We attempt to quantify the impact of interannual variation in transport (large-scale circulation and cumulus convection) and chemistry (water vapor, etc.) associated with ENSO using the two simulations described in sections 2.1.2 and 2.1.3. S1 accommodates year-to-year variation of both meteorological (transport) and chemical fields (production and loss rate of O x ), but S2 allows only the meteorological (transport) field to vary. In this study, we define the impact of transport as regression coefficient of TCO in S2 with respect to the Niño3.4 index. We also define the impact of chemistry as regression coefficient of TCO difference between S1 and S2.
[28] Figures 6a and 6b respectively show the impacts of transport and chemistry. The impact of transport is greater than that of chemistry over most of the globe. The significant impact of chemistry is confined to the tropical central Pacific, where the impacts of transport and chemistry are comparable, although the chemistry process has less impact in Indonesia. This lesser impact is attributable to cancelling out of the positive anomaly below 5 km and negative anomaly above 5 km over Indonesia (Figures 6c and 6d) . The positive anomaly (+0.2 DU) below 5 km is related to a decrease in the chemical loss of ozone with water vapor, while negative anomaly (À0.1 DU) above 5 km is related to a decrease in chemical production of ozone from lightning NO x . However, this simulated change in lightning over Indonesia is opposite to the change derived from LIS/ TRMM [Hamid et al., 2001] . They showed that convective storms were concentrated on land and the coast area, and that the number of lightning flashes increased during 1997-1998 (El Niño year) compared to 1998-1999. We must improve convection and lightning NO x schemes, for example, as did Nassar et al. [2009] . In addition, the impact of chemistry may include some bias, because only one year (1990) of chemical fields is used in S2. However, as Figure 1 shows, all indices were within one standard deviation in 1990.
Impact of Indian Ocean Dipole
[29] Figure 7a presents regression coefficient with respect to DMI in OND. Positive anomaly (+1.5-2 DU) is evident in the eastern Indian Ocean and Indonesia. Negative anomaly (À1-1.5 DU) is also found in the western Indian Ocean and eastern Africa. Large-scale descent (ascent) flow, suppressed (enhanced) convection, and dryness (wetness) are found in the eastern Indian Ocean (western Indian Ocean) during the positive phase of IOD (not shown). These results suggest that the mechanism causing the changes is analogous to ENSO. We further assess the partial correlation coefficients between TCO and Niño3.4 index after removing the influence of DMI (Figure 5c ) and between TCO and DMI after removing the influence of Niño3.4 index (Figure 7c ), because DMI correlates significantly with the Niño3.4 index (r = 0.7). Figure 7c shows positive and negative partial correlations in the eastern and western Indian Ocean (r = 0.6 and À0.6) respectively. Although Figure 5c shows positive partial correlation between TCO and Niño3.4 in the southeastern Indian Ocean, Negative partial correlation is found along equator in the Indian Ocean. These imply that dipole structure in the Indian Ocean in Figure 7a results from IOD rather than ENSO. In the tropical eastern Pacific, negative partial correlation between TCO and DMI is weaker than that between TCO and Niño3.4 index, suggesting that the impact of ENSO is dominant.
[30] Two month-lagged regression coefficient with respect to DMI is also shown in Figure 7b as for Figure 5 . Regression coefficient shows similar patterns to those with respect to Niño3.4. Figure 7d shows that two month-lagged partial correlation between TCO and DMI in the western Indian Ocean is significant (r = 0.6). However, the partial correlation between TCO and DMI in the tropical Pacific and southern North America is weaker than that between TCO and Niño3.4 index (Figures 5d and 7d ).This suggests that the anomalies are due to the impact of ENSO rather than to that of IOD.
[31] We also quantify the impacts of interannual variation in transport (atmospheric circulation and convection) and chemistry (water vapor, etc.) associated with IOD on TCO as for ENSO. Figure 8 presents the impacts of transport and chemistry. The impact of transport is greater than that of chemistry as for ENSO. The significant impact of chemistry is confined to the eastern Indian Ocean. Over eastern Africa, increased ozone production from lightning NO x and increased ozone loss with water vapor cancel each other. We need to interpret them with caution, because they may be also influenced by ENSO. Nevertheless the partial correlation in Figure 7c suggests that the anomalies are mainly caused by IOD. 
Impact of Hadley Circulation
[32] Figure 9a presents regression coefficient of TCO with respect to the Hadley circulation index in DJF. Regression shows increases of TCO up to 0.8 DU particularly in the Himalayas, the northeast Pacific, North America, and Northern Africa. The Hadley impact is independent from ENSO because the Hadley index used for this study does not correlate with the Niño3.4 index (r = À0.1).
[33] We discuss the cause of change in TCO associated with Hadley circulation. Figure 9b also presents regression coefficient of TCO transported from the stratosphere. The regression coefficient shows positive anomalies (up to 0.6 DU) in the Himalayas, the northeastern Pacific, North America, and Northern Africa. The positive anomalies reach from 250 hPa to surface (Figure 9c ). Additionally, Figure 9d presents climatology and regression coefficient of zonal mean vertical wind velocity at 300 hPa. The climatology and regression present increase in downward vertical wind velocity between 10 N and 40 N in upper troposphere. These results suggest that the TCO increase results from enhanced downward transport of ozone-rich air from the stratosphere and upper troposphere to the lower-middle troposphere. However, we need to investigate the reason why the anomalies are significant only in the Himalayas, the northeastern Pacific, North America, and Northern Africa.
Impact of Monsoon Circulation
[34] In this section, we particularly examine the Asian winter monsoon especially because Asian summer monsoons have a minor impact on TCO (not shown). Asia associated with monsoon circulation in the upper troposphere (Figure 10b ). The anomalous circulation enhances transport from Africa to South Asia and the western Indian Ocean. In this study, we also calculated the tagged ozone tracers from various source regions in the simulation fixed to the 1990 chemical field. Results of the simulation suggest that ozone from North Africa (20W-52E, 0-17N) is most responsible for the TCO increase (about 40% of the increase) in the western Indian Ocean.
Impact of Arctic Oscillation
[35] Figure 11a shows regression coefficient of TCO with respect to AO index in DJF. Figure 11b shows a regression coefficient of horizontal wind at 500 hPa. Wind vectors are drawn in areas with a 95% confidence level. Figure 11a shows negative anomaly (À1 DU) in the high northern latitudes. This TCO change is qualitatively consistent with previous studies [e.g., Hess and Lamarque, 2007] .
[36] The TCO change associated with AO is related to a change in the poleward transport from the northern midlatitude to Arctic. The poleward transport is weakened during the positive phase of AO, resulting from intensified polar vortex (Figure 11b ). Our tagged ozone simulation suggests that ozone produced in the free troposphere and stratosphere is more responsible for the TCO decrease (about 95%) than that produced in the boundary layer.
Contribution of Meteorological Variability to Interannual Variation in Ozone
[37] In this section, we quantify the contribution of major meteorological variability to total interannual variation in global TCO (section 4.1) and regional TCO (section 4.2).
Contribution to Global Distribution
[38] We perform EOF analysis to detect the leading mode of interannual variation in global TCO and to quantify its contribution. A result of EOF analysis is shown in Figure 12 . Figure 12a shows time series of EOF first mode (PC1) with the Niño3.4 index in OND. PC1 correlates with that of Niño3.4 index (r = 0.90), suggesting that the first mode represents a component related to ENSO. Spatial patterns of the first mode (EOF1) are also similar to that of the regression coefficient in Figure 5a (Figure 12b ). The spatial correlation coefficient between EOF1 and the regression is 0.98. Contribution of EOF1 to total variance is 33%. Figure 11 . Regression coefficients of (a) TCO (DU) and (b) horizontal wind at 500 hPa with respect to the Arctic Oscillation index. The coefficient are calculated using TCO and the index in DJF. Hatched regions are not significant at the 95% confidence level. Vectors are drawn only in the significant region with a 95% confidence level. [2009] also applied EOF analysis to global ozone field. Although the spatial pattern in our study is similar to that in their study, the contribution to total variance in our study is about five times larger than that in their study. This is attributable to applying EOF to TCO in OND when El Niño is mature phase. The result for DJF is also similar. These results indicate that the variation of TCO associated with ENSO is the most important in all interannual variations of global TCO distribution.
Hess and Mahowald
Contribution to Temporal Variation
[39] We quantify the contribution of the meteorological variability to total interannual variation of TCO in six regions. We quantify the contribution as an index of meteorological variability multiplied by the corresponding regression coefficient at each grid and year. For example, ENSO impact is given as
where C is contribution of ENSO, a stands for regression coefficient of ENSO, I denotes Niño3.4 index, x, y, and t are longitude, latitude, and year respectively. We also constructed total contribution by adding contributions of ENSO, IOD in OND, and by adding ENSO IOD, Hadley, monsoon, and AO in DJF. Figure 13 shows correlation coefficients between the total contribution and the simulated TCO. Figure 13 (top) shows significant correlation in the eastern Pacific in the tropics, the western Pacific including Indonesia. Figure 13 (bottom) also shows the significant correlation in the southern North America and the northern high latitude as well as tropical eastern Pacific and northwestern Indian Ocean. There is, however, no significant correlation in the Atlantic, East Asia, and Europe. We focus on the six regions where the correlation coefficient is larger than 0.6 ( Figure 13 ). The simulated TCO and the contribution of meteorological variability in the right panels of Figures 14 and 15 are detrended to emphasize year-to-year variation.
[40] Figure 14a shows the interannual variation of simulated and satellite-observed TCO in OND in the tropical eastern Pacific. The simulated variation agrees well with the observed variation, except in the late 1980s, although the model overestimates the observed long-term trend. Overestimation of the long-term trend might be attributable to increasing trend in ozone precursor emissions in the tropics after 1990 in the model. Figure 14b presents detrended TCO variation with the anomalies calculated from the Niño3.4 index (hereinafter, the ENSO component). The ENSO component, explaining 79% of the total variance (r = 0.89), is most responsible for the variation in the tropical eastern Pacific. In strong El Niño years (1982 and 1997) , the ENSO component contributed more than 68% to TCO anomalies there.
[41] Figure 14c shows simulated and observed TCO anomaly in the tropical western Pacific and Indonesia. These anomalies are shown as deviations from average value during whole observation period. The average, however, does not include the value in 1997, because the simulation in this study does not include emission enhancement during the severe Indonesian fires in 1997. The model generally captures interannual variation, while the long-term trend is overestimated as in Figure 14a . Figure 14d portrays detrended TCO anomalies in addition to the anomalies calculated from the Niño3.4 index and DMI as in Figure 14b (ENSO and IOD component, respectively) . In this region, both the ENSO and IOD components play important roles in the interannual variation of TCO. They contributed more than 84% of the TCO increase in 1982 and 1997. The quantities of relative importance of the ENSO and IOD components were 56% and 44%, respectively, in 1982, and were 35% and 65% in 1997 . We, however, need to pay attention to possible double counting of ENSO and IOD, because of the significant correlation between Nino 3.4 index and DMI. In other El Niño years, TCO changes are not explained merely by ENSO and IOD. This results from interannual variation in ozone above 5 km, which might be related to changes occurring in the upper tropospheric circulation over Indonesia.
[42] Interannual variation of TCO in the tropical western Indian Ocean in OND is shown in Figure 14e . The satellite observation and the simulation show similar variations, especially after 1996. The simulated increasing trend is overestimated after 1990 as in the tropical Pacific. Figure 14f presents detrended anomalies that are simulated and calculated from DMI (IOD component). IOD explains 36% of TCO variation in the tropical western Indian Ocean. The variation after 1992 is particularly influenced by IOD significantly. [43] Figure 15a shows interannual variation of TCO in the northwestern Indian Ocean in DJF. The simulated variation reproduces satellite-observed variation well during 1998-2008. The model, however, overestimates the observed trend. Figure 15b presents the simulated TCO anomalies, and the anomalies calculated from monsoon index (monsoon component). During 1999 During -2008 , the simulated variation is influenced strongly by interannual variation in monsoon circulation (Figure 15b ). The average contribution of the monsoon component is approximately 50%. However, the monsoon component has less impact on variation of TCO in the late 1980s and early 1990s. In addition, IOD has a nonnegligible impact on TCO in the northwestern Indian Ocean in DJF.
[44] We compare the simulated TCO variation with the observation by ozonesonde (Boulder, Huntsville, and Wallops Island) in southern North America (Figure 15c ) because no long-term satellite observation is sufficient to evaluate the simulated interannual variations in ozone over North America. The variation shown in Figure 15c is averaged only at the observation sites and for the days when ozonesonde was launched. The model reproduces increasing trend Figures 14a, 14c , and 14e show the simulated (black) and the observed (red) TCO. Observation data are derived using the TOMS convective cloud differential method in the tropics. Figures 14b, 14d, and 14f show the simulated TCO (black line) and the contribution of climate variability (red and blue) calculated from the regression coefficient and the corresponding index. The time series are calculated from the whole simulation period and are detrended to emphasize year-to-year variation rather than long-term change. in TCO well. Interannual variation of TCO is generally captured by the model, in particular, between the early 1980s and the late 1990s. In this region, the ENSO component has significant impacts on TCO variation during El Niño events (Figure 15d ). The contributions of ENSO were 70% in 1973 ENSO were 70% in , 58% in 1983 ENSO were 70% in , and 46% in 1998 . Additionally, the Hadley component has a non-negligible impact in the region.
[45] Figure 15e shows interannual variation of the simulated TCO with ozonesonde observations (Alert, Eureka, Ny-Aalesund, Thule, and Resolute) in the high northern latitudes in DJF, as in Figure 15c . The simulated TCO variation captures the observation well after 1985. A positive trend is also reproduced by the model. Figure 15f shows that the AO component explains 72% of the variance (r = 0.85).
In strong positive and negative phase years of AO (1989 and 1977) , its respective contributions are 110% and 77% of the total anomaly. [47] We investigated changes in TCO spatial patterns associated with ENSO, IOD, AO, and interannual variation in Hadley and monsoon circulations using linear regression analysis. The change associated with ENSO shows a dipole structure, which is positive anomaly (1-1.5 DU) in the western Pacific including Indonesia and negative anomaly (À2.5 DU) in the eastern Pacific in OND. This pattern is consistent with those found in previous studies [Peters et al., 2001; Doherty et al., 2006; Oman et al., 2011] . The model also exhibits a TCO increase (0.5-1.5 DU) in the central to eastern Pacific over the subtropics during the positive phase of ENSO. The increase extends to southern North America with a 2-month lag (from 0.2 in OND to 1 DU in DJF). Additionally, we investigated the meteorological impact of ENSO more quantitatively. Sudo and Takahashi [2001] reported that key factors controlling ozone changes caused by meteorological change are large-scale atmospheric circulation, convection, and water vapor changes in the tropics. We further quantified the impact of atmospheric circulation and convection changes (transport), and the impact of water vapor changes (chemistry). Results show that transport has a dominant impact on the most of globe, while those of transport and chemistry are comparable in the tropical central Pacific.
Summary and Conclusion
[48] The pattern of TCO change induced by IOD shows a dipole structure, which is increased (1.5-2 DU) in the west of 90 E with a decrease (À1-1.5 DU) in the east during the positive phase of IOD. The mechanism causing the changes is analogous to ENSO because meteorological changes associated with IOD resemble those of ENSO. Intensified Hadley circulation causes TCO increase (up to 0.8 DU) in the Himalayas, the northeastern Pacific, and North America in DJF. The increase is probably linked to enhanced downward transport from stratosphere and upper troposphere to the lower-middle troposphere. Stronger monsoon circulation enhances TCO (1.2 DU) in the western Indian Ocean because of anomalous eastward transport of ozone from Africa. In the years of AO positive phase, TCO is decreased (À1 DU) in the high northern latitudes, reflecting weakened poleward transport from midlatitudes.
[49] Finally, we quantified the contribution of meteorological variability to total interannual variation in global and regional TCO distributions. The result suggests that interannual variation in TCO in the tropics and the high northern latitudes are generally explainable by ENSO, IOD, AO, and interannual variation in monsoon circulation. ENSO explains 33% of global TCO variance and 79% of the variance in the tropical eastern Pacific in OND. In years of strong El Niño events (1982, 1997) , ENSO contributed more than 68% to negative anomalies. In the tropical western Pacific and Indonesia, both ENSO and IOD play important roles in OND. Their combinations contributed more than 84% to positive anomalies in the strong El Niño years. The relative importance of ENSO (IOD) is 56% (44%) in 1982, and is 35% (65%) in 1997. ENSO also contributes to 46-70% of the increase in southern North America for DJF in 1973 DJF in , 1983 DJF in , and 1998 . Hadley circulation has a non-negligible impact in DJF there. In the tropical western Indian Ocean and Africa, IOD explains 36% of the variance in OND. The interannual variation of TCO in the northern Indian Ocean is influenced strongly by monsoon circulation in DJF after late 1990s. Its average contribution is about 50%. AO dominates the interannual variation of TCO in the high northern latitudes in DJF. It explains 72% of the variance, and contributes 110% (77%) of anomalies in the strongest positive (negative) phase year of AO.
[50] In this study, our simulation does not incorporate year-to-year variation in natural sources of ozone precursors (e.g., emission from wildfire, soil, vegetation) to evaluate meteorological impact on ozone apart from these emissions. However, these emissions can also be important factors controlling interannual variation in ozone. In future work, we must investigate the interannual variability of global tropospheric ozone more comprehensively, including changes in these emissions. In addition, ENSO and AO might provide a preview of future warming climate in the tropics and the northern mid-high latitude [Yamaguchi and Noda, 2006] . Further investigation of variation in ozone associated with them is necessary for testing changes in ozone under global warming.
